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Abstract: Expansive species classification with remote sensing techniques offers great support for
botanical field works aimed at detection of their distribution within areas of conservation value and
assessment of the threat caused to natural habitats. Large number of spectral bands and high spatial
resolution allows for identification of particular species. LiDAR (Light Detection and Ranging) data
provide information about areas such as vegetation structure. Because the species differ in terms of
features during the growing season, it is important to know when their spectral responses are unique
in the background of the surrounding vegetation. The aim of the study was to identify two expansive
grass species: Molinia caerulea and Calamagrostis epigejos in the Natura 2000 area in Poland depending
on the period and dataset used. Field work was carried out during late spring, summer and early
autumn, in parallel with remote sensing data acquisition. Airborne 1-m resolution HySpex images
and LiDAR data were used. HySpex images were corrected geometrically and atmospherically before
Minimum Noise Fraction (MNF) transformation and vegetation indices calculation. Based on a LiDAR
point cloud generated Canopy Height Model, vegetation structure from discrete and full-waveform
data and topographic indexes were generated. Classifications were performed using a Random
Forest algorithm. The results show post-classification maps and their accuracies: Kappa value and
F1 score being the harmonic mean of producer (PA) and user (UA) accuracy, calculated iteratively.
Based on these accuracies and botanical knowledge, it was possible to assess the best identification
date and dataset used for analysing both species. For M. caerulea the highest median Kappa was
0.85 (F1 = 0.89) in August and for C. epigejos 0.65 (F1 = 0.73) in September. For both species, adding
discrete or full-waveform LiDAR data improved the results. We conclude that hyperspectral (HS)
and LiDAR airborne data could be useful to identify grassland species encroaching into Natura 2000
habitats and for supporting their monitoring.
Keywords: mapping; expansive grass species; hyperspectral; LiDAR; Natura 2000; Random Forest
1. Introduction
Non-forest communities such as grasslands and meadows are recognized as the most species-rich
plant assemblages hosting numerous rare and endangered species. Increasing degradation of grassland
and meadow communities have been reported recently by many authors [1–3]. Among main reasons
responsible for the phenomenon of the abandonment of these habitats or intensification of management
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are mentioned. One of the manifestations of the disadvantageous changes in grassland and meadow
communities, including the ones important from a point of view of biodiversity conservation, is the
entering of expansive species which can dominate the community and considerably limit species
diversity. Calamagrostis epigejos and Molinia caerulea are listed among expansive species of global
importance due to their colonization of various ecosystems in Europe and North America, causing
grassland and meadow degradation [4–7].
Research on the encroachment of alien invasive species into non-forest habitats is widely used
but also a large increase of native expansive species has been observed in many patches of non-forest
communities without proper management. Preserving the species-rich non-forest communities
requires monitoring of the state of their conservation values, in particular to detect any proliferation of
undesirable species.
The fast and effective detection and mapping of invasive alien plants, and similarly
native expansive ones, at different spatial scales is becoming increasingly important for their
management [8–10]. Also monitoring the threat caused by invasive and expansive species in natural
habitats is essential for the process of the proper preservation of these habitats.
The application of hyperspectral and ALS (Airborne Laser Scanning) remote sensing data is
a method complementary to traditional field surveys, which additionally allows coverage of large
areas [11]. It is probable that every plant species has a feature or a set of features which can be used for
its spectral identification. Achieving the expected result of marking out the appropriate time of spectral
data acquisition, in which the feature of the species is the most visible feature and simultaneously
enables it to distinguish itself from other species, is significant.
Commonly, methods for mapping plant species are based on the subjective assessment of
the expert made in the field using the spot-map or line-transect methods. They are recognized
scientific methods, but during conducting mapping in the field they may be fraught with human
error. The disadvantages of these methods are that researcher is not able to explore the area of
research in a detailed way and the whole map of a bigger area has to be interpolated based on points
collected in the field, making the results imprecise. Remote sensing methods are more objective
because even if some errors in field data occur, the whole area is mapped in the same way. In some
cases, representatives of samples used for classification can be assessed by experts after obtaining first
classification results or using dominance profile graphs [12]. Nevertheless, remote sensing data ensure
measurability and verifiability, so they are reliable and, equally important, reproducible.
Remote sensing offers many possibilities for vegetation research, from condition
analysis [13–17] to land use/land cover mapping including plant species or community
identification [18–20]. The electromagnetic spectrum covering the visible (VIS) and near infrared (NIR)
ranges is the most commonly used one for the analysis of vegetation [21]. Depending on the scale of
the study and the available resolution of remote sensing data, it is possible to identify plant units at
various levels: vegetation types, habitats, communities or species. Data from broad-band multispectral
scanners have successfully been used to classify land cover [22–24] or vegetation types [25,26].
For more complicated and complex units, such as habitats or plant communities, a higher spectral
resolution is needed to capture larger differences between them, and depending on the size of the unit,
satellite or aerial data may be used, which is related to the size of the pixel [19,27]. Hyperspectral data
consisting of hundreds of narrow spectral bands provides detailed information about analysed
objects [28]. It is a big advantage in comparison to more common multispectral data where in broad
several spectral bands the characteristics of these object are generalized. The importance is in the
possibility to differentiate analysed objects from the background. For particular species identification,
the most suitable method involves airborne imaging spectroscopy data consisting of hundreds of
spectral bands which allows for the detection of spectral signatures of particular plants relative to their
background of surrounding vegetation and their high spatial resolution provides the detail needed for
patch identification [18]. Because of these valuable hundreds of bands, hyperspectral data processing
is more challenging and storage demanding. To make hyperspectral data processing more operational,
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different transformation approaches are used, the most commonly used are Principal Component
Analyses (PCA) [29] or Minimum Noise Fraction (MNF) [30].
Different classifiers are used for plant identification, the choice of which is related to the remote
sensing data type mentioned above, as well as the scope of the study. Traditional classifiers are used
to classify more general units, such as land cover, which includes vegetation cover mapping [31].
Often, remote sensing vegetation indicators, such as normalized difference vegetation index (NDVI),
are included in the classification, especially in multi-temporal analyses, insofar as they are good
indicators for reflecting periodically dynamic changes of vegetation groups [32,33]. Machine learning
methods, such as Random Forest and Support Vector Machines (SVM), are successfully used to
identify both communities and species [19,20,34,35]. Comparative analysis of methods used to classify
particular species presented higher accuracies reached for a Random Forest algorithm [36–38], which is
better than SVM because of processing time.
In the literature, there are many examples of applications of hyperspectral remote sensing for
species detection, a significant part being devoted to the identification of tree species [38–40]. A large
group consists of classifications of invasive plants that pose a threat to native vegetation [18,41–43].
There are few studies using remote sensing techniques to identify expansive species that, although
native, are also threatening to natural habitats. Scientists analysed C. epigejos and M. caerule spreading
using statistical methods [44,45]. Several authors used hyperspectral images to identify particular
species encroaching into heathlands: M. caerulea entering the Natura 2000 habitat classification was
addressed by Mücher et al. [46] in the areas of Ederheide and Ginkelse heide in the Netherlands and
by Haest et al. [47] in Kalmthouse Heide in Belgium. C. epigejos was mentioned by Schmidt et al. [48]
in Oranienbaum Heath located near Dessau in the Elbe-Mulde-lowland in Saxony-Anhalt in Germany,
but only with encroaching into heathlands being the main object of the study. The specific features
of this species have not been studied more deeply. Separating different spectrally similar classes
as grassland types using narrowband images is supported by Ali et al. [49], who underlines the
possibility to obtain them from the airborne level, due to the lack of spaceborne hyperspectral sensors
currently in orbit and also higher spatial resolution. Based on Mücher et al. [46] collecting more
images over the growing season and incorporation of vegetation information from LiDAR data
might be helpful in grasses differentiation. Multi-temporal analyses using satellite data were used by
researchers to identify invasive species [50,51] or grasslands [33,52]. Separability of grassland classes
were supported by characteristic phenological development of individual habitat classes as greenness
or colouring in the blooming phase using optical RapidEye data and vegetation height and structure
from radar backscatter using TerraSAR-X data [33]. Seasonal effect on tree species classification was
also analysed based on hyperspectral Airborne Imaging Spectrometer for Applications and LiDAR
data [53]. LiDAR data are known as being useful for mapping canopy structure, but rarely as an
alternative to the imaging vegetation classification method [54]. It is more commonly is used with other
types of data from spaceborne [55] or airborne [56] levels. While LiDAR with hyperspectral data were
most commonly used in classification of trees [39,57,58] or shrubs [59], several studies of non-forest
vegetation [60] including also only LiDAR [54,61] were also presented. Separating higher vegetation as
trees or shrubs from lower vegetation [62] is much easier than capturing smaller differences in lower
species from higher vegetation, but in grassland mapping of the lowland hay meadows Natura 2000
area [54], the strong potential of vegetation high-dependent variables was noticed. Using only LiDAR
derivatives as terrain height models for predictive modelling of non-forest communities locations was
presented by Ward et al. [63]. However, other authors by adding passive optical data to LiDAR data
obtained higher classification accuracy [64,65] in vegetation analysis due to possibility to differentiate
features such as lignin composition, senescent matter or soil presence [66]. The combination of high
and spectral data could provide complementary information about the study object and optimize their
strengths [65,67]. The vast majority of classifications present single training and validation data split
but they can induce biased results [68]. Iterative accuracy assessment was proposed by several authors
in the classification of trees [39,40,69] and non-forest vegetation [20,27]. This approach allows for more
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objective conclusions, avoiding very poor or very good results obtained by chance. It is important
especially when comparing different scenarios, datasets, or classifiers.
Objectives
Although in a number of studies, characteristic features of the targeted species such as phenology,
colours of flowers, physiological traits and form of growth have been used for their detection, optimal
methodologies still remain to be defined. Because the literature lacks the use of hyperspectral
with LiDAR data for grassland species identification, this aim remains necessary. Referring to this,
the objective of this study is to investigate the use of HySpex data and LiDAR products to classify
the two expansive grass species C. epigejos and M. caerulea in Natura 2000 habitats, which have been
recognized as aggressive competitors with the tendency of dominating the plant community, causing
negative changes in its structure and species composition. More specifically, the investigation aims to:
• compare different times of airborne data acquisition depending on the growing phase of analysed
species, to point out the most optimal time of proper species detection,
• collate different datasets containing spectral data and additional different vegetation with high
layers to choose the most optimal dataset to detect these species.
The presented approach intends to compare these elements with respect to the maximum
classification accuracy reached and botanical assessment leading to selecting the most optimal data
needed to provide good material for the monitoring of Natura 2000 areas.
2. Data and Methods
2.1. Study Area and Object of the Study
The study area is located in the Silesia Upland in southern Poland under the administrative boundary
of Jaworzno town (Figure 1). This part of the town is called Cie˛z˙kowice-Pod Łuz˙nikiem (central part
of the map) and Cie˛z˙kowice (in the northeast part). The vegetation of the study area is a mosaic of
planted forest and various types of non-forest plant communities such as grasslands and wet meadows.
Our investigations were carried out in non-forest plant communities, mainly wet meadows, still species-rich
(southern part of the map) and grassland at the hills in Cie˛z˙kowice (eastern part).
In this part of town, a special area of conservation of Nature 2000 habitats “Meadows in
Jaworzno” PLH240042 was appointed for the conservation of natural habitats: wet meadows (Molinion)
(code: 6410), lowland hay meadows (Arrhenatherion elatioris) (code: 6510) and of species of butterflies:
Maculinea (Phengaris) nausithous (code: 6179), and Maculinea (Phengaris) teleius (code: 6177).
As the object of the study two grass species were selected, namely M. caerulea and C. epigejos (Figure 2).
Both species belong to native elements in the flora of Poland. They are classified as expansive species and
differ in terms of many features, including the type of growth. Expansive species are defined as native
species that increase their distribution and colonize new habitats in a geographical area where they are
native (they have localities of native occurrence within the same area [70]). According to the definitions
accepted for the purpose of this study, native expansive species quickly spread and colonise new areas,
in general common plant species, posing a threat as a result of the secondary inheritance for rare plant
communities, by often appearing to reduce the biodiversity of natural habitats [71].
M. caerulea (Purple Moor-grass) is a species from the family Poaceae, native to Europe, west Asia,
and north Africa. It is an erect, compactly tufted perennial grass, 50–90 cm high, forming either tussocks or
extensive swards. Rootstock is more or less creeping, with both stout and fine roots. Leaf blades are flat,
3–8 (max. 10) mm wide, with a bluish-green colour. Panicles are erect, ranking from very dense to open
and very loose, dark to light purple, brownish, yellowish, or green with more or less raised branches, 15 cm
long. The long narrow purple spikelets are a major identification feature. Fruits have a length of 2 mm.
Flowering and fruiting occur in late June or early July to mid-September. Its range of habitats includes wet
meadows, heaths, montane grassland, bogs and open woodland. The common features of these habitats,
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particularly in the area where M. caerulea is found, is permanently or seasonally wet ground. M. caerulea is
a very variable species among others owing to variation in overall size, in the length and width of leaves,
and especially in the length, width and colour of the panicles. M. caerulea is cultivated for its panicles of
purple spikelets on yellow stems [72,73].
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C. epigejos (Wood Small-red) is a tall caespitose perennial grass from Poaceae family, widely
distributed in, and native to, Eurasia and expanded its range also in North America. The plant forming
tufts or tussocks, 60–200 cm, high, with creeping rhizomes. The culms are erect or slightly spreading,
usually unbranched. Leaf blades flat, stiff, and hairless, 4–14 (max. 20) mm wide, with dull grey-green
colour. Panicles erect, lanceolate to oblong, very dense before and after flowering, 15–30 cm long,
3–6 cm wide, purplish, brownish, or green. Spikelets are densely clustered, narrowly lancelolate
or finally gaping. Their fruits have a length of 1 mm. Flowering and fruiting occurs in late June to
mid- or late September. Culm height, leaf length, width, shape, and colour are very variable and
depend on site factors, especially the light climate or water capacity. Natural habitats supporting C.
epigejos include sand dunes, river floodplains, fens, steppes and subalpine grassland but the species is
particularly abundant in dry, open grassland that is usually ungrazed, forests, clear cut forest, along
railway lines, roadsides and on urban and industrial wasteland. C. epigejos grows on dry, and on
flooded soils, but prefers more dry areas than M. caerulea [4,72–74]. It is a competitively strong species,
which is able to dominate the colonized sites. The plants have two types of clonal growth. The first,
intra-vaginal ramet formation, creates groups of closely attached and connected ramets, which we
further call “clumps”. The other way is formation of extravaginal ramets on rhizomes of several
decimeters length [75]. Strong underground rhizomes of C. epigejos can spread up to several meters
in one direction, forming dense stands/patches and often caused negative changes in structure and
species composition of native plant communities [76,77].
2.2. Remote Sensing Data
Remote sensing data come from instruments that are components of an aerial remote sensing
platform, built as part of the HabitARS project by MGGP Aero Company. One of them is the HySpex
scanner (Norsk Elektro Optikk, Oslo, Norway), acquiring data with a spatial resolution of 1 m,
registered in 470 spectral bands in two ranges of electromagnetic spectrum: Visible and Near Infrared
(VNIR, 400–1000 nm) and Shortwave Infrared (SWIR, 930–2500 nm) with 3.26 and 5.45 nm spectral
sampling, respectively (Table 1). The sensor has 16-bit radiometric quantization.
Table 1. Main technical parameters of HySpex scanner.
Characteristics
Scanner
VNIR SWIR
Spatial pixels 1800 384
Minimum wavelength [nm] 416 954
Maximum wavelength [nm] 995 2510
Spectral sampling [nm] 3.26 5.45
No. of bands 182 (163 1) 288
Radiometric resolution [bit] 16 16
Field of view (FOV) [◦] 17–34 16–32
Instantaneous field of view (IFOV) [◦] 0.01–0.04 0.04–0.08
1 Selected number of bands because of overlapping spectral ranges between sensors.
The second element of the platform is IGI Lite Mapper 6800 system (Integrated Geospatial
Innovations, Kreuztal, Germany), which consists of the Riegl LMS-Q680i Airborne Laser
Scanner, from which data was gathered with a point-cloud density of 7 points/m2 (Table 2).
Additional component was DigiCAM39 RGB camera (Integrated Geospatial Innovations, Kreuztal,
Germany) with 10 cm spatial resolution. Within HabitARS project, the data were acquired in 2016 and
2017. In 2016 it was 21 June, 23 July and 10 September and for 2017 9 June and 11 August. Analyses of
data quality allowed for selection of the data from September 2016 and June and August 2017.
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Table 2. Main technical parameters of Lite Mapper 6800.
Characteristics Riegl LMS-Q680i
Wavelength [nm] 1550
Pulse duration [ns] <4
Avg. flight altitude [m] 500
Ground footprint size [cm] 25
Average point density [p/m2] 1 8
Average point spacing [m] 2 0.34
Full waveform registered Yes (Riegl FWF)
Number of echoes for each pulse 3 7
1 Point density is measured as an average value for the last returns of the flight area including overlaps. 2 Point
spacing is measured for last returns only. 3 Number of echoes for each pulse in resulting LAS (LASer, LiDAR Data
Exchange) file.
A flowchart describing the analysis is shown in Figure 3. It starts from the data acquisition,
as the aerial level consisted of ALS and hyperspectral (HS) data, and the field level had botanical data
about identified species (see Section 2.3 and was where non-vegetation characteristics measurements
were performed. Parallel to aerial data acquisition calibration, spectral curves using ASD FieldSpec
4 spectroradiometer (ASD Inc., Longmont, CO, USA) were collected on 5 polygons for concretes,
asphalts and bare grounds in order to validate atmospheric correction of hyperspectral images.
Each time 30 samples were collected for each polygon. The images were corrected geometrically
using PARGE software [78] (Zurich, Switzerland) and atmospheric correction was performed using
ATCOR 4 [79] (Zurich, Switzerland), then the lines were mosaicked. Corrected mosaic was used to
classify using original 430 bands as well as for MNF transformation and VIS calculation. The whole
image covered 1026 ha area, where 17 ha was occupied by 6410 habitat [80]. Masking of urban land
cover based on vector layers with buildings and communication within parcels allowed for removing
137 ha.
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Data transformation using MNF was performed for dimensionality reduction selecting the most
informative bands [30]. Based on original images covariance m trices were calculated and noise
correlations were created, resulting eigenvalues with the highest information (more than 1 value) and
the lowest (about zero). From informative curve and experiments with different numbers of bands
finally 30 MNF transforms were selected.
Selected MNF transforms were joined with vegetation indices and LiDAR derivatives.
Calculation of VIS was performed in ENVI 5.3 software [81] (Broomfield, CO, USA) and 65 indices
available using Spectral Indices tool were used, including following vegetation categories: broadband
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greenness, narrowband greenness, canopy nitrogen, canopy water content, dry or senescent carbon,
leaf pigments and light use efficiency.
Processing of LiDAR data consisted of georeferencing, extraction, filtering and classification
of point cloud. The point cloud orientation was proceeded using the RiProcess package [82]
(Horn, Austria) in Riegl software and the accuracy was assessed at 0.01 cm level of 1 sigma. In 2016,
the data were processed into discrete (DISC) type and in 2017 to discrete and additionally to
full-waveform (FWF), which provided more information about the targets in the footprint than
only location [83]. Full-waveform information was used during postprocessing of raw FWF files to
gain more data about vegetation. In order to do this the threshold value was empirically defined
(as 3) and used in RiAnalyze software [84] (Horn, Austria). Apart from the threshold, amplitude and
pulse width extra byte was used as an additional structural metric for classification, derived using
the Riegl RiProcess. The point cloud was classified to ground, noise and vegetation classes using
TerraSolid software [85]. Processed point cloud was used to create Canopy Height Model (CHM)
and vegetation structure data (Table S1 in Supplementary Materials) in OPALS (Orientation and
Processing of Airborne Laser Scanning) software [86] (Vienna, Austria). On the basis of the point cloud,
the Digital Terrain Model (DTM) was calculated interpolating points in ground class using moving
planes in two iterations. During this process, the following rasters were also calculated: sigmaZ,
slope, exposition and Digital Surface Model (DSM), which was calculated by interpolating points from
class ground and vegetation (using points with highest z values for each raster cell). The CHM was
calculated using a differential model from DSM and DTM created from the ground and vegetation
classes. Rasters were calculated on all points with 1 m resolution, classified as ground and classified
as vegetation. Finally we calculated 83 discrete rasters that contained different statistics (maximum,
minimum, median, mean, range, root mean square, variance) of amplitude, echo ratio and normalized
height (Z), exposures, slopes and sigma on Digital Terrain Model and Digital Surface Model, as well
as point density and vegetation cover which means the number of returns classified as vegetation
divided by the number of all returns multiplied by 100. Full-waveform rasters in the number of
42 contained previously mentioned statistics calculated amplitude and pulse width, and also for
all points, ground and vegetation. Topographic indexes (TOPO) were also generated using Terrain
analysis package of SAGA software [87] (Hamburg, Germany) and they were: Topographic Position
Index, Topographic Wetness Index, Direct Insolation, Slope, Aspect, Module Multiresolution Index of
Valley Bottom Flatness, Multi-resolution Ridge Top Flatness and Modified Catchment Area.
Selected MNF bands were combined with calculated indices and LiDAR derivatives in ENVI
using Layer Stacking. The datasets were called scenarios, with corresponding number listed in Table 3.
The dataset consisting original mosaic of spectral bands called sc01 was also created to check if the
original or transformed data will perform better, which is important from an operational point of view.
Table 3. Used datasets (MOSAIC—mosaic of spectral bands, MNF—MNF transforms, CHM—Canopy
Height Model, VIS—vegetation indices, DISC—discrete LiDAR data, FWF—full-waveform data,
TOPO—topographic indices).
Scenario No. Dataset
sc01 MOSAIC
sc02 MNF
sc03 MNF+CHM
sc04 MNF+VIS
sc05 MNF+DISC
sc06 MNF+DISC+FWF 1
sc07 MNF+TOPO
sc08 MNF+FWF1
sc09 MNF+CHM+VIS+DISC+FWF1+TOPO
1 Excluded from September.
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2.3. Reference Botanical Data
Simultaneously with the acquisition of airborne data, on-ground botanical reference data were
obtained three times during the growing season (spring, summer and autumn) with the purpose
of assessing the species detection possibilities at different phases of the life cycle, on research areas
(of average size 5 km2), where these species occurred at diverse frequencies and cover. The data
collected were used to identify species characteristics such as percentage cover in reference polygons,
growth stage, flowering and fruiting stage, discoloration/damage, list of co-occurring species in
particular that have cover above 20%, and additional information, i.e., % of bare ground, % of
vegetation, % of mosses and % of litter (necromass) and type of land use (mowing, pasturage). For each
of the plant species analysed, at least 100 reference 2-m buffer polygons (Table 4, Figure 4) were
gathered together with a similar number of reference polygons for surrounding vegetation or other
species with similar morphology or with frequently coexisting species (e.g., Solidago canadensis and
S. gigantea). These polygons were treated as a “background” class, which were reference 2-m buffer
polygons, established in the patch of the species not chosen regarding the invasion/expansion in
the plant community, provided that an examined species is not acting in it or covering it doesn’t
exceed the 10%. All data were stored in GNSS receiver Spectra Precision GPS MobileMapper 120
(Spectra Geospatial, Westminster, CA, USA) and in traditional field data form and finally in the
database. Additionally, to the database were joined polygons of “background” class drawn manually
based on orthophotomaps from RGB camera, referred to as “forest” and “shadow” (in the number of
30 per class).
Table 4. Number of collected polygons.
Species Polygons June 2017 August 2017 September 2016 1
C. epigejos
species from field measurements 234 256 245
background from field measurements 662 679 614
species selected 2 222 241 237
background selected 2 643 660 614
M. caerulea
species from field measurements 195 198 197
background from field measurements 656 737 654
species selected 2 174 183 177
background selected 2 649 728 649
1 The dates are not ordered chronologically, but phenologically to present the changes in growing season. 2 Polygons
after assessing the correctness, similarity analysis and for analysed species also with more than 40% of species cover.
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The first step of validation of reference data was assessing the correctness of polygons which 
means the removing of shadowed or mowed polygons of species. These types of errors could be 
caused by collecting ground botanical data few days after aerial data acquisition. The next step of 
i r . - ff r l f . caer lea.
fi t f ali ti f refere c t s ass ssi t c rr ct f l i
s the removing of shadowed or mowed polygons f pecies. These types of errors could be caused
by collecting grou d botanical data few ays after erial dat acquisition. The next step of preparing
the reference data was an analysis of mistakes and errors. The aim of this stage was to capture errors
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from the database related to the incorrect entry of the name of the site by the botanical team during
field measurements or the recognition of the site, where there are species strongly related to other
classes—also mistakes from the field. This kind of error could not be discovered in the early steps.
Based on a t-distributed stochastic neighbour embedding (t-SNE) machine learning algorithm, the most
spectrally homogeneous groups of polygons without errors were selected [88]. It is a non-linear data
size reduction technique that simplifies multi-dimensional space down to two or three dimensions.
The analysis was performed on the basis of 30 MNF bands in R software [89]. In this way, the similarity
of reference sites between classes was determined on the basis of remote sensing data. On the basis of
analysis of the botanical database, outliers were determined by botanists, which should be removed
from further analyses. As a result, 14 errors were found in polygons gathered in September 2016 for
C. epigejos. Finally, for evaluating the performance of the classification method, the ratio of the total
area of used reference data collected to the study site area (excluding mask of urban land cover) was
calculated and it was the following: 0.001973 for both M. caerulea and C. epigejos classification in June;
0.002186 for M. caerulea and 0.002175 for C. epigejos in August and 0.001994 for M. caerulea and 0.001948
for C. epigejos in September.
2.4. Random Forest Classification and Accuracy Assessment
To acquire information about the best dataset and time of data the Random Forest decision tree
ensemble classifier [90] was used. In each classification two parameters were used: ntree (number of
trees) equal to 100 and mtry (number of features randomly sampled as candidates at each split) equal
sqrt (n_features), where n_features was the number of used layers in the classification. The mtry value
was set as a default value and also to make it possible to analyse all features in each tree [37]. This was
done separately for C. epigejos and M. caerulea—in each classification two classes were classified (species
and background). To make the information more objective, the classification was performed 50 times
for each dataset and campaign. The field data were randomly sampled using 50/50% of training and
validation split. Based on the previous experiments only species with greater than 40% covered in
polygons were chosen as study objects.
The results for single classification and set of classifications were compared based on the
Kappa statistic [91,92] which is the common method of evaluation in machine learning classification
problems [37,93]. The nonparametric U Mann-Whitney-Wilcoxon test was used to evaluate the
statistical significance of the differences in Kappa accuracy between classifications with different
scenarios. Significant differences between the groups were assessed at p = 0.05. The user (UA) and
producer (PA) accuracies for species and background were calculated and then the weighted mean of
both values as F1 statistics were combined [94]. For the best Kappa values in each classification set,
the maps of species distribution were produced, and the confusion matrix was analysed.
3. Results
The results were presented on the maps (Figure 5) and calculated accuracies (Figures 6 and 7).
The Kappa accuracy obtained for the classification in each campaign was presented in boxplots.
Datasets for differences that were not statistically significant were listed in Table S2 in Supplementary
Materials. Because sc01 contains a mosaic of all spectral bands, the differences between it and the other
scenarios in which MNF channels were used are significant. For Molinia in June, the highest Kappa
accuracy (around 0.83) was obtained for a group of sets that used MNF transforms and full-waveform
products from LiDAR, as well as for MNF with all additional layers (sc09), a slightly lower accuracy
for pairs: MNF + topographic indexes and MNF + discrete data from LiDAR (approx. 0.81). For the
group in which the MNF alone and MNF bands with VIS and CHM were used, the Kappa median
value was lower (0.79) and these scenarios presented the most diversified values obtained during
50 iterations. In August, the accuracy for Molinia was more stable and reached the highest level.
Aside from sc01, all medians were higher than 0.8. The best set included MNF with topographic
indices and full-waveform data; in contrast, the lowest level of dispersion of results was obtained
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for all additional layers from MNF (sc09). The scenario containing the MNF bands alone was not
statistically different from other MNF scenarios, but it had the highest level of dispersion. In September,
the differences between data sets for Molinia were much higher than in August. The highest accuracy
was obtained for MNF, MNF + CHM and MNF with all additional layers, but the lowest level of
dispersion was observed for sc03. A pair of data sets with discrete data of the lowest values and the
highest level of value dispersion stand out in particular. For sc01, the Kappa median was the lowest
(0.69).
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Table 5. User, producer and F1 values of M. caerulea and background for the best iteration of Kappa.
sc. No. Class
June August September
UA PA F1 UA PA F1 UA PA F1
sc01
M. caerulea 0.88 0.61 0.72 0.89 0.79 0.84 0.85 0.67 0.75
background 0.93 0.98 0.96 0.95 0.98 0.97 0.94 0.98 0.96
sc02
Molinia caerulea 0.88 0.79 0.83 0.88 0.77 0.82 0.91 0.81 0.86
background 0.96 0.98 0.97 0.95 0.98 0.96 0.97 0.99 0.98
sc03
M. caerulea 0.92 0.75 0.82 0.89 0.83 0.86 0.87 0.8 0.84
background 0.95 0.99 0.97 0.96 0.98 0.97 0.96 0.98 0.97
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Table 5. Cont.
sc. No. Class
June August September
UA PA F1 UA PA F1 UA PA F1
sc04
M. caerulea 0.92 0.72 0.81 0.9 0.83 0.86 0.93 0.81 0.87
background 0.95 0.99 0.97 0.96 0.98 0.97 0.97 0.99 0.98
sc05
M. caerulea 0.92 0.73 0.81 0.94 0.79 0.86 0.93 0.82 0.87
background 0.95 0.99 0.97 0.96 0.99 0.97 0.97 0.99 0.98
sc06
M. caerulea 0.94 0.72 0.82 0.91 0.82 0.86 0.85 0.84 0.84
background 0.95 0.99 0.97 0.96 0.98 0.97 - - -
sc07
M. caerulea 0.9 0.68 0.78 0.92 0.82 0.87 - - -
background 0.94 0.99 0.96 0.96 0.99 0.97 0.96 0.99 0.98
sc08
M. caerulea 0.95 0.8 0.87 0.93 0.79 0.86 - - -
background 0.96 0.99 0.98 0.96 0.99 0.97 - - -
sc09
M. caerulea 0.96 0.75 0.84 0.94 0.85 0.89 0.92 0.85 0.88
background 0.95 0.99 0.97 0.97 0.99 0.98 0.97 0.98 0.98
For C. epigejos in June the median of Kappa values were between 0.4 and 0.6 and the highest
were for MNF transforms with full-waveform and discrete LiDAR rasters therefore also for all rasters
in sc09. Also mosaic of spectral bands and MNF with topographic indexes presented the worst
results. A similar situation applied for August, but the accuracies were slightly higher for each dataset,
while the highest median values were for sc08 and sc09 but the lowest level of dispersion was for
MNF with discrete and full-waveform LiDAR data. For September, the values were the most stable
and also the best dataset contained discrete LiDAR data. In each campaign, information on the
intensity and structure of vegetation for C. epigejos was essential and improved accuracy. For July and
August, the highest accuracy was obtained for full-waveform data; in September, due to the lack of
full-waveform data, the highest accuracy was obtained for discrete data.
F1 values for C. epigejos also confirm Kappa accuracies for each campaign and dataset (Table 6).
The lowest values were for June, where the best dataset was sc09 (0.67%), the worst sc01 (0.54%) but
sc03 was similar (0.56%). The same situation was observed for August, but here the values were
slightly higher, in general: the best was sc09 (0.7) and the worst sc01 (0.6) and sc02 (0.61). C. epigejos
was classified most correctly in September; however, sc05 turned out to be the best set here.
Table 6. User, producer and F1 values of C. epigejos and background for the best iteration of Kappa.
sc. No. Class
June August September
UA PA F1 UA PA F1 UA PA F1
sc01
C. epigejos 0.64 0.46 0.54 0.64 0.57 0.6 0.67 0.51 0.58
background 0.85 0.92 0.89 0.87 0.9 0.89 0.86 0.93 0.89
sc02
C. epigejos 0.78 0.47 0.56 0.73 0.53 0.61 0.81 0.64 0.72
background 0.85 0.96 0.9 0.87 0.94 0.91 0.9 0.96 0.93
sc03
C. epigejos 0.74 0.57 0.64 0.76 0.57 0.65 0.81 0.65 0.72
background 0.88 0.94 0.91 0.88 0.95 0.91 0.9 0.95 0.92
sc04
C. epigejos 0.72 0.47 0.57 0.71 0.63 0.67 0.78 0.53 0.63
background 0.86 0.95 0.9 0.89 0.92 0.91 0.87 0.96 0.91
sc05
C. epigejos 0.75 0.45 0.57 0.79 0.61 0.69 0.88 0.63 0.73
background 0.85 0.95 0.9 0.89 0.95 0.92 0.9 0.97 0.93
sc06
C. epigejos 0.78 0.57 0.66 0.84 0.56 0.67 - - -
background 0.88 0.95 0.91 0.88 0.97 0.92 - - -
sc07
C. epigejos 0.81 0.41 0.55 0.82 0.54 0.65 0.87 0.54 0.67
background 0.84 0.97 0.9 0.86 0.96 0.91 0.87 0.97 0.92
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Table 6. Cont.
sc. No. Class
June August September
UA PA F1 UA PA F1 UA PA F1
sc08
C. epigejos 0.8 0.47 0.6 0.79 0.52 0.63 - - -
background 0.86 0.97 0.91 0.86 0.96 0.91 - - -
sc09
C. epigejos 0.83 0.56 0.67 0.75 0.66 0.7 0.82 0.62 0.7
background 0.88 0.97 0.92 0.91 0.94 0.92 0.89 0.96 0.92
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4. Discussion
Based on Landis et al. [95] values between 0.61 and 0.80 indicate substantial strength of the
agreement, while more than 0.81 means almost perfect agreement of the classification. Based on this
information, it can be concluded that M. caerulea was classified very well in each date and almost each
scenario. In the case of Kappa accuracy for the entire image and F1 accuracy for individual classes,
adding information about the vegetation structure from LiDAR improved the results. The difference
between the use of discrete and full-waveform data was small but noticeable, which allows for
the conclusion to be drawn that newer full-waveform technology that derived amplitude and used
pulse width extra byte performed better. Adding this information to the September data could
improve accuracy.
Referring to the visual interpretation and botanical evaluation, Molinia is best detectable in the
flowering phase, which occurs between July and September, but reaches its peak in August. It should
be noted that the coverage of most sites with the Molinia species was high at that time (70%–80%) and
the co-existence of other species was rare. However, there was occasional overestimation of the species,
especially for the results of August and September, with some artefacts, e.g., pathways to the south of
the site, being classified as species.
The usefulness of only spectral information to discrimination of M. caerulea is supported by other
studies [20,68]. In classification of Natura 2000 heathlands in Kalmthoutse Heide in Belgium [69] the
best mean accuracies were obtained for heathlands with Molinia (80.7% using SVM classifier, 69.7%
using RF) on CHRIS data from July. Marcinkowska-Ochtyra et al. [20] presented M. cearulea community
classification in Giant Mountains in Poland/Czech Republic with 90.3% of PA with APEX data from
September using SVM. However, the assumption of these analyses were not to compare different
growing stages of the species and were conducted on the data acquired once, but in each case Molinia
was well classified. In other Natura 2000 heathlands area, Dutch Ederheide and Ginkelse heide [46],
M. caerulea encroachment abundance was estimated using AHS-160 (Airborne Hyperspectral Scanner)
and Spectral Mixture Analysis (SMA) showing the correlation with field estimates at 0.48 R2 value.
The authors pointed out that time of acquisition (October) was unsuitable and did not allow for
distinguishing Deschampsia flexuosa from M. caerulea. Molinion caeruleae was one of the best classified
plant association in grassland habitats classification in Döberitzer Heide, west Berlin, reaching 96%
of F1 accuracy due to a dominant yellow colour in autumn on RapidEye data and the fact that its
flowering phase is later than for any other species [33]. In the study presented here it should be noticed
that last date of acquisition of airborne data was the beginning of September and M. caerulea were
not changing colour into yellow yet, so according to Schuster et al. [33] the accuracies could be much
better when data would be collected near to the end of September. High accuracy was for intra-annual
time series of RapidEye and TerraSAR-X [33], so adding vegetation structure information from radar
data was useful. In grasslands classification based on only LiDAR full-waveform data in the Natura
2000 site in Sopron, Hungary [54], M. caerulea reached UA and PA between 60% and 80%, the authors
found it overestimated but this was caused by the flight strip edges on Echo Width. Comparative tests
performed in the frame of study presented here used only LiDAR data for M. caerulea classification [96].
In the first test full-waveform data were used for the best classified date (August) obtained previously
and median Kappa from 5 iterations of calculated accuracies were 42.7% and F1 equal to 47.4% (PA and
UA between 35%–74%). The second test was based on using only discrete data for September and
it allowed us to reach 32.7% median Kappa and 34% median F1 (PA and UA between 25%–77%).
Because the differences between used datasets with MNF transforms and tested here are significant,
it underlines the importance of spectral information in discrimination of the species. This view is
supported by Debes et al. [64] and Luo et. al [65], where improving the accuracy and efficiency of
LiDAR applications after incorporation of passive optical remote sensing data were observed.
The result achieved in these examinations corresponds to the actual state of affairs, confirmed in
traditional field research. Because of training and validation, only greater than 40% species cover in
polygon patches with cover of M. caerulea lower than 30% were poorly detected, but one should take
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in mind that the species is a characteristic component of native vegetation (characteristic species for
plant communities of Molinion caeruleae wet meadows). From the point of view of needs of protection
of these habitats involving increasing the covering of this species, exceeding the 50% level, which can
indicate about progressing disadvantageous changes, is significant.
The range for Kappa values for C. epigejos could be interpreted as moderate in June [95] for
all scenarios and in August for all except sc08 and 09, to substantial in September, excluding sc01
and MNF with topographic indexes. For both Kappa and F1 values for this species, an increase in
accuracy was observed using discrete and full-waveform data derived from LiDAR, which confirms
that adding detailed information on the height and structure of vegetation is crucial in distinguishing
these species from their background. Worse accuracy results were also noticeable for MNF and MNF
with topographic indices in each campaign, which confirms the expansive nature of this species.
C. epigejos blooms from June to August and is in the fruiting phase in September. In the botanical
evaluation of the results, the distribution of the species is fairly well presented due to the peak phase
of fruiting. In this case, Calamagrostis coverage of over 60% is well-detectable. The main co-existing
species is Solidago spp., which blooms and fruits at a similar time as the C. epigejos but differs in colour
and shape. However, since these two species mingle with each other, it is often difficult to identify
each of them within a pixel with a resolution of 1 m.
In general, species of the genus Calamagrostis belong to the group of species that is difficult
to identify with remote sensing techniques. It is supported by unpublished analysis of C. epigejos
classified on September collections of HySpex data on two other Natura 2000 sites in Poland [97],
where Kappa accuracies were between 50%–60% and F1 between 60%–65%, influenced also by local
conditions. Comparative test with using only discrete LiDAR data for C. epigejos classification in
Jaworzno Meadows were also conducted [96], giving the median Kappa accuracies of about 18% and
a median F1 value equal to 31% (UA and PA between 22%–52%). As in M. caerulea test, this analysis
showed that for discrimination of C. epigejos the best method was the combination of spectral and
height-dependent variables. However, higher accuracies were obtained using only hyperspectral
data [19,20,98]. In [19,20] the authors found out that a plant community with Calamagrostis villosa in
subalpine part of Giant Mountains classified on APEX data from September at about 70% level of PA.
They observed this species encroaching into lower parts of the upper forest border. A similar situation
was detected in Tatra vegetation classification on DAIS, with 7915 hyperspectral data acquired in
August when the Calamagrostietum villosae community reached one of the most diverse results and the
accuracy was also about 70% [98]. These analyses were carried out at the level of plant communities;
therefore, it should be noted that it is the species that is being classified, which requires a slightly
different approach. Both areas in mentioned literature were located in high mountains, where the
variation of local conditions are totally different to in the lowlands. In the literature there is lack
of detailed studies on the classification of the species C. epigejos, so the work presented here is the
beginning of a discussion for further research.
Comparing both species’ classification results, the accuracies obtained for C. epigejos were worse
than for M. caerulea. The reason for this is probably that C. epigejos has a wider ecological spectrum
and is appearing in analysed areas in various habitat conditions—from humid to dry and with
the diversified cover, and is co-occurring with a substantial amount of species with which it can
be confused.
When transferring the method to other areas, ground data with specific characteristics should be
collected (more than 40 percentage of species cover, information about co-occurring species, especially
these visually similar to analysed species), as well as the best time of acquisition for individual
species connected with growing season should be kept in mind. The basis of dataset is hyperspectral
mosaic transformed using dimensionality reduction method as MNF. Analysing the date of acquisition
where grassland species differ considerably from the background requires LiDAR products, especially
full-waveform or discrete rasters to improve the accuracy levels. For the hazard assessment created
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by expansive species the method presented in this study is bringing expected results and can be
recommended for supporting traditional botanical field methods.
5. Conclusions
The expansive species encroachment into non-forest habitats under protection is a very important
ecological task and it should be monitored. This study investigated the use of HySpex and
LiDAR data for mapping the distribution of M. caerulea and C. epigejos—expansive grass species
in “Jaworzno Meadows” Natura 2000 site in Poland at their different growth stages. The species
were classified using a Random Forest algorithm with 7–9 scenarios of different datasets consisting of
spectral data, MNF transforms and MNF with LiDAR derivatives. The Kappa accuracy assessment
was performed iteratively using 50 repetitions of procedure, giving more objective results obtained
for the different scenarios on data collected for three months. Additionally, for the best results, F1
accuracies for species and background class were calculated. In each case the dataset containing original
spectral bands was the worst comparing to MNF transformation, only the F1 value for M. caerulea was
slightly higher. In most cases the best dataset was sc09, consisting of MNF with all calculated LiDAR
derivatives, but from an operational point of view, it is not the optimal solution. Adding intensity and
vegetation structure data from LiDAR improved the results, especially full-waveform data from 2017
because of the more detailed information registered. The results show the worst accuracies obtained
for the original data consisted of spectral bands.
M. caerulea spectral characteristics with used data allowed for better recognition than C. epigejos,
which co-occurs with greater number of other species. Especially for C. epigejos classification datasets
with topographic indexes worse accuracies were observed, which confirms the expansive character of the
species, as it prefers wet and dry habitats. For M. caerulea it was not observed, confirming the preference
of wetter areas. Predominantly the datasets with MNF and additional CHM or vegetation indexes did
not show the differences to be significant statistically. The correctness of the result was influenced by the
species covering in the polygon (the highest at the time of full flowering/fruiting), the maximum biomass
and co-existing of other species. The best time to identify C. epigejos was September (optimum fruit
formation) and for M. caerulea was August. The flowering period of the species was the recommended
time to detect the species because of the high cover of the species in polygons (80%–100%).
The next step of this research could be feature selection giving the information which features
from whole dataset allowed for the best classification results and then selecting only these to further
analysis. It could make the procedure of species identification even more operational. However,
our results are valuable because they show the potential of each dataset used, which is repeated
three times, allowing for mapping of each species with relatively high accuracy. The results provide
analytical potential for expansive species studies and great support for field work.
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